Background: Triad families are routinely used to test association between genetic variants and complex diseases. Triad studies are important and popular since they are robust in terms of being less prone to false positives due to population structure. In practice, one may collect not only complete triads, but also incomplete families such as dyads (affected child with one parent) and singleton monads (affected child without parents). Since there is a lack of convenient algorithms and software to analyze the incomplete data, dyads and monads are usually discarded. This may lead to loss of power and insufficient utilization of genetic information in a study. Results: We develop likelihood-based statistical models and likelihood ratio tests to test for association between complex diseases and genetic markers by using combinations of full triads, parent-child dyads, and affected singleton monads for a unified analysis. A likelihood is calculated directly to facilitate the data analysis without imputation and to avoid computational complexity. This makes it easy to implement the models and to explain the results. Conclusion: By simulation studies, we show that the proposed models and tests are very robust in terms of accurately controlling type I error evaluations, and are powerful by empirical power evaluations. The methods are applied to test for association between transforming growth factor alpha (TGFA) gene and cleft palate in an Irish study.
Background
In family-based studies, one might collect triads, sibships, parent-child dyads, general pedigrees or some combinations. In modern times, large multi-generation pedigrees are not common, and small nuclear families are more practical to collect. In our birth defects studies, almost all families contain only a single affected child with or without parents. They are basically triad families allowing for missing parents [1] . In family association studies, triad families are routinely used to test association between genetic variants and complex diseases. Triad studies are important and popular since they are robust in terms of being less prone to false positive results due to population structure [2, 3] . In particular, triad studies are advantageous over case control designs which are prone to spurious association due to population stratification.
In practice, one may collect not only complete triads, but also incomplete families such as dyads (affected child with one parent) and singleton monads (affected child without parents). Here the terminology of dyads and monads are taken from Weinberg [4] . Since there is a lack of convenient algorithms and software to analyze the incomplete data, dyads and monads are usually discarded. This may lead to loss of power and insufficient utilization of genetic information in a study. For instance, dyads and monads were not used in the analysis of family data in the Irish oral clefts study [1] . This study contained about 75% triads and 25% parent-child dyads in addition to some affected monads. Only triads were used in an analysis of transmission disequilibrium tests (TDT) [1] . The reason that parent-child dyads and singleton monads were not used in the analysis is that there is no readily available software to analyze the combinations of triads, dyads, and http://www.biomedcentral.com/1471-2156/14/78 monads, although statistical models are proposed in the literature to analyze family data jointly [5] [6] [7] [8] [9] . Intuitively, analyzing combined data should improve the power compared with the methods which use triads only, and should be more robust since more data are added to the analysis. Therefore, it is important and interesting to develop statistical models and related software to analyze the combined data of triads, dyads, and monads.
Triad studies are popular and important because the triad families are relatively easy to collect. More importantly, the results of triad studies are robust in terms of being less prone to false positives due to population stratification. To analyze triad data, TDT analysis is usually performed [3] . To use both triads and dyads for a combined analysis, Sun et al. [10] proposed a score test to more sufficiently use the data information. To use more data in the analysis, a likelihood-based approach was developed to handle missing data by imputation. For instance, an EM algorithm was used to recover the information contained in dyads and monads in Epstein et al. [11] and Weinberg [4] . Specifically, Epstein et al. [11] proposed a likelihood based approach to analyze the combinations of the family data handling missing parent data by imputation. The imputation arguments are based on similar derivation of Schaid and Sommer [12] , p1119, right column. In addition, Nagelkerke et al. [13] used an approximate analysis of logistic regression. The joint analysis and design of family data has received extensive research in the last decade [14] [15] [16] [17] . Some efforts have been made to implement the statistical models to software [18] . However, it is desirable to build statistical models which can be easily implemented to handle specific data such as the family data of the Irish oral clefts study, and to explain the results easily.
In this paper, we develop likelihood-based statistical methods to test for association between complex diseases and genetic markers by using combinations of full triads, parent-child dyads, and affected singleton monads for a unified analysis. Our research interest is stimulated by our oral clefts study [1] . We assume that the data are ascertained through the affected cases, i.e., the triads and parent-child dyads are ascertained through the affected child, and the affected monads are ascertained via themselves. Some studies use conditional likelihood given the parent mating type, which is not appropriate for our birth defects study since the data are ascertained through the affected cases [12] .
Assume that we have a di-allelic candidate gene locus such as a single nucleotide polymorphism (SNP). We derive the conditional probabilities of triad, dyad, and monad genotypes given the sampling scheme that the data are ascertained through the affected cases. A conditional likelihood is then constructed directly; the likelihood is calculated without imputation; and analytical formulae are provided for parameter estimations, which are presented in Appendix A of Additional file 1. Based on the likelihood, likelihood ratio tests (LRT) are performed to test for association between complex diseases and genetic markers. To evaluate the performance of the proposed models and tests in terms of robustness and power, extensive simulation studies are carried out to calculate the empirical type I error rates and powers. From simulation results, we show that the proposed methods are very robust in terms of correct empirical type I error rates, and the methods are powerful. The methods are applied to test for association between the transforming growth factor alpha (TGFA) gene and cleft palate in the Irish study [1] . The proposed methods are programmed by the statistical package R to facilitate the data analysis.
Results
Extensive simulations are carried out to evaluate the performance of the proposed models and tests. The robustness of the test statistics is evaluated by empirical type I rates. The power performance is evaluated by empirical power analysis. The simulation strategy is presented in the Methods section.
Empirical type I error rates
The results of empirical type I error rates are presented in Table 1 . For each entry of Table 1 , we simulate 100,000 datasets under the null hypothesis H 0 : ψ 1 = ψ 2 = 1, where ψ 1 and ψ 2 are relative risks defined in the Methods section. Each dataset contains s = 50 affected monads and n = 100, 200, or 500 triads. For each of the three cases, m = 0 or m = 0.25n parent-child dyads are simulated in the dataset. For instance, m = 0 or m = 25 parentchild dyads are generated in the dataset when the number of affected monads is s = 50 and the triad number is n = 100. An empirical test statistic is calculated for each dataset. The empirical type I error rates at nominal levels α = 0.05 and α = 0.01 are reported in Table 1 Encouragingly, the empirical type I error rates were all around or below the nominal levels 0.05 and 0.01, except two entries 0.05944 and 0.06505 of unrestricted (Unr) and recessive (Rec) models when the allele frequency p = 0.05, triad size n = 100, monad size s = 50, and dyad size m = 0. Hence, the proposed test statistics are very robust. when p = 0.05 and the sample sizes are small. This shows that the models of Unr and Rec are getting more conservative when the allele frequency p is getting smaller except when p = 0.05 and the sample sizes are small.
Power analysis
Power analysis is performed to calculate empirical power levels for various scenarios. The results are presented in Table 2 and Table 3 . To make our results comparable with those of Table 3 , Troendle et al. [19] , we use the same parameters in our simulation. Again, we simulate 100,000 datasets for each entry of Table 2 and Table 3 . The empirical power levels at nominal levels α = 0.05 are reported. They show four notable results. First, the power levels in Table 2 and Table 3 for most entries are higher than those corresponding entries of Table three, Troendle et al. [19] ; for a few entries, they are slightly lower. Hence, the proposed models are reasonably powerful. Second, the power levels obtained by using combinations of both triads and parent-child dyads are higher than those obtained by using triads only. Tests using combinations of triads, parent-child dyads and singleton monads provide the highest power levels. Thus, it is advantageous to use more data in the analysis. Third, the power levels are the highest when the disease models are correctly specified (the results on the diagonals marked by boldface in Table 2 and Table 3 ). However, if dominant disease is misspecified as recessive or vice versa, it leads to powerless tests. If dominant disease or recessive disease is misspecified as unrestricted or multiplicative, the power loss is less severe. Fourth, TDT and z com suffer severe power loss compared with the correctly specified LRT statistics. Overall, the power levels of TDT and z com are lower than the proposed LRT. Hence, the proposed parametric models can be very useful in mapping disease genes. In Table 3 , the empirical powers of Mult model are close to those of Add model. In the first Mult model, the parameters are ψ 1 = 1.3 and ψ 2 = 1.69; in the second Mult model, the parameters are ψ 1 = 1.35 and ψ 2 = 1.82; for both cases, ψ 2 = 2ψ 1 − 1 is roughly true, and so it leads to similar results for the two models.
Example: cleft palate data of TGFA gene of Irish study
We applied the proposed methods to examine the association between oral clefts and the TGFA gene in the Irish study [1] . We focused on cleft palate only. The data were ascertained through the presence of a cleft palate in the child, and so the ascertainment procedure satisfies our model assumption. In the dataset, there are 31 SNPs in 12 candidate genes. One SNP, rs2166975, is located in the region of the TGFA gene. In Carter et al. [1] , SNP rs2166975 was found to be associated with cleft palate by transmission disequilibrium test based on triad families (p-value = 0.041). For the SNP rs2166975, there are 296 triad counts, 62 parent-child dyads, and 15 affected monads in our analysis.
The results of the proposed likelihood ratio tests of SNP rs2166975 are presented in Table 4 . Using the 296 full triads, the tests of Dom and Add show significant signals of association between SNP rs2166975 and cleft palate (pvalue = 0.047 and 0.05, respectively). By using 296 full triads, 62 parent-child dyads, and 15 affected monads, the test of Mult also shows significant signal of association (pvalue = 0.051) and the test of Add suggestively shows it (p-value = 0.055). Using the 296 full triads, the test of Mult suggestively shows the signal (p-value = 0.058). Table 4 provides results of all five tests (Unr, Rec, Dom, Mult, and Add) and parameter MLEs for each model. SNP rs2166975 in TGFA gene is the top one using both TDT and the LRTs of the proposed models. The results of the proposed models are consistent with that of TDT based on triad families. The reported association between the TGFA gene and cleft palate is confirmed by the proposed Dom, Add, and Mult models. However, the p-values of the LRTs of the proposed Rec and Unr models are not significant at a cutoff of 0.05. In summary, the association between TGFA gene and cleft palate is only confirmed by 3 out of 5 proposed models. This is expected since it is unlikely that all models can give significant results.
Computational evaluation based on the cleft palate data of TGFA gene of the Irish study
The dataset of Carter et al. [1] is not from a genome-wide association study (GWAS). To get the results for the 31 SNPs of the cleft palate data of the Irish study, it takes about 4 minutes on our PC computers. Based on our evaluation, it takes about one hour to analyze 450 SNPs by the proposed models if the sample size of the data is similar to that of the dataset of Carter et al. [1] . In 24 hours, the proposed models can analyze about 10,000 SNPs. Therefore, the proposed models are slower than TDT. This is because we need to estimate the parameters in our models http://www.biomedcentral.com/1471-2156/14/78 The Sub-sample sizes are n = 296, m = 62, s = 15, (n 1 , n 2 , n 3 , n 4 , n 5 , n 6 , n 7 , n 8 , n 9 , n 10 by doing maximum likelihood estimations. The proposed models are not suggested for GWAS analysis which has millions of SNPs. For GWAS which has millions of SNPs, one may want to run TDT first. The proposed models can be used as a follow-up to confirm the association for the SNPs in the candidate gene regions.
Discussion
In this paper, we construct the likelihood directly by using the results in Tables 5 and 6 , and we argue that imputation is not necessary to deal with the missingness of parent data. Furthermore, standard statistical methods such as Newton-Raphson can be used to estimate the parameters. Note that this facilitates data analysis and interpretation a lot and computationally it is much easier.
Although the proposed models are built to analyze combinations of triad families, dyad data, and affected monads, it is possible to extend them to analyze other types of family data, e.g., family data with multiple offspring, sibship data, and general pedigrees. To combine different types of family data in the analysis, one needs to take the ascertained procedure into account and build the likelihood. For general pedigree data, the imputation procedure and methods proposed by other researchers such as Epstein et al. [11] , McPeek [20] , and Weinberg [4] can be very useful. By a combined analysis of all family data, it takes advantage of the robustness of family studies to avoid high false positive rates and it improves power since more data are used in the analysis. For data with a relatively simple structure such as combinations of full triads, parent-child dyads, and affected singleton monads, however, the proposed methods in this article are straightforward and easy to implement for genetic community without imputation.
The impact of important issues on the proposed methods such as population stratification and heterogeneity are not investigated in the current study. This is because the data structure of our oral clefts study is relatively homogeneous since our project focused on an Irish population and was carefully designed to make sure the data are homogeneous. Therefore, we may calculate the likelihood directly to avoid computational complexity. In the presence of population stratification and heterogeneity, sophisticated models can be built to analyze the data [5, [21] [22] [23] . For instance, if the data are from two subpopulations with different allele frequencies, the conditional probabilities of mating type P(MT = i | D) can be modified to accommodate the population stratification. http://www.biomedcentral.com/1471-2156/14/78 Table 5 Conditional probabilities of parental mating type and triad genotypes given the sampling scheme of using the affected child as a proband
Parental
Affected child P(MT, C | D) P(MT | D) # Obs mating type genotype C
Then, the corresponding likelihood functions can be calculated to test for association between disease trait and genetic marker. In addition, we only use one di-allelic genetic marker in the analysis and we do not use environment factors. It is important to develop a method to add more genetic variants and environment factors to the models. Then, we may be able to investigate the impact of gene-gene and gene-environment interactions. These are interesting problems to investigate in the future studies.
Conclusion
In this paper, we develop likelihood-based statistical models and likelihood ratio tests to test association between complex diseases and genetic markers by using combinations of full triads, parent-child dyads, and affected singleton monads for a unified analysis. For the data we discuss, a likelihood can be calculated directly to facilitate the data analysis without imputation [11] . This makes it easy to implement the models and to explain the results. By simulation studies, we show that the proposed models and tests are very robust in terms of type I error evaluations, and are powerful by empirical power evaluations.
The methods are applied to analyze cleft palate data of the TGFA gene of an Irish study to show the association found previously [1] .
Methods

Likelihoods
Consider a design which includes three types of data: (1) n triad families each consists of an affected child and two parents; (2) m parent-child dyads with an affected child and a parent who can be either father or mother; (3) s affected singleton monads. The triads, parent-child dyads, and the affected singleton monads are ascertained through the affected cases. Suppose we have a di-allelic candidate gene locus which has two alleles A and a with Table 6 Conditional probabilities of parent-child dyad genotypes given the sampling scheme of using the affected child as a proband allele frequencies p and q, respectively. Let D denote that an individual is affected with the disease. Given the disease status, let us define the disease penetrance as f 2 = P(D|AA), f 1 = P(D|Aa) and f 0 = P(D|aa). Such as Schaid and Sommer [12] , define the relative risks as ψ 2 = f 2 /f 0 and
For triads, let us denote the genotypes at the candidate gene locus as F, M, and C, where F is the genotype of the father, M is the genotype of the mother, and C is the genotype of the affected child. In total, there are 6 mating types [12, 24] . Let us denote MT = {mating type}. Assume that Hardy-Weinberg equilibrium (HWE) is valid. We also assume random mating in the parental generation. Given the sampling scheme of using the affected child as a proband, the conditional probabilities of mating type P(MT = i|D) and the conditional probabilities of mating type and child genotype P(MT = i, C|D) can be derived as
where R = p 2 ψ 2 + 2pqψ 1 + q 2 , C = AA, Aa, aa, and i = 1, 2, · · · , 6. There are 10 combinations (MT = i, C).
The results are presented in Table 5 , which are the same as those of Table one in Nagelkerke et al. [13] . Using the notation given in 
where n i are sub-sample sizes of the ten entries in Table 5 . For parent-child dyads, denote the genotypes at the candidate gene locus as G and C, where G = M or G = F is the genotype of the parent and C is the genotype of the affected child. Given the sampling scheme of using the affected child as a proband, the conditional probabilities of parent-child pair genotypes P(M, C|D) can be derived. For instance, we may calculate 
Our derivation above in (2) is different from that of Schaid and Sommer [12] , p1119, right column, lines 11-12 from bottom. Schaid and Sommer [12] considered that "a case has genotype AA, one of its parents has genotype Aa, and the genotype of the other parent is missing" which does not specify which parents, father or mother, having Aa or missing genotypes. However, the present paper takes an ordered example of mother having Aa genotype and father having missing genotype, which is different from the unordered case in Schaid and Sommer [12] . To make it clear, Schaid and Sommer [12] calculated
In practice it is easy to make mistakes by applying the unordered result like (4) in Schaid and Sommer [12] directly, since in data it is usually an ordered case.
For the s affected singleton monads, assume 
Based on the three log-likelihoods (1), (3), and (5), we may calculate the log-likelihood of full data as follows
Likelihood ratio tests of genetic association
Under the null hypothesis of no association between the disease and the marker locus, we have H 0 : 
Unr is approximately chi-square distributed with 2 degrees of freedom (DF) by large sample theory, when the sample size is sufficiently large.
Under a dominant model, one imposes a restriction of an alternative hypothesis H Dom : ψ 1 = ψ 2 . Letψ 1 andp be the MLE of ψ 1 and p under H Dom , respectively. The LRT of association is
If a recessive disease model is desired, one has an alternative hypothesis H Rec : ψ 1 = 1, ψ 2 ≥ 0. Letψ 2 andp be the MLE of ψ 2 and p under H Rec , respectively. The LRT of association is Rec = 2 log L(1,ψ 2 ,p) − 2 log L (1, 1,p) . Under a multiplicative model, an alternative hypothesis is H Mult : ψ 2 = ψ 2 1 . Letψ 1 andp be the MLE of ψ 1 and p under H Mult , respectively. The LRT of association is Mult = 2 log L(ψ 1 ,ψ 2 1 ,p) − 2 log L (1, 1,p) . If an additive model is used, one has an alternative hypothesis H Add : ψ 2 = 2ψ 1 − 1. Letψ 1 andp be the MLE of ψ 1 and p under H Add , respectively. The LRT of association is Add = 2 log L(ψ 1 , 2ψ 1 − 1,p) − 2 log L (1, 1,p) . Dom, Rec, Mult, and Add are approximately chi-square distributed with 1 DF by large sample theory, when the sample size is sufficiently large. In Appendix-A of Additional file 1, we provide procedures and formulae to perform MLE and LRT calculations by Newton-Raphson methods.
Transmission disequilibrium tests
Using the notations in Table 5 , it can be shown that the transmission disequilibrium test (TDT) based on triads is TDT = (b − c) 2 /(b + c), where b = n 2 + 2n 5 + n 6 + n 8 and c = n 3 + n 6 + 2n 7 + n 9 [3] . Combining both triads and parent-child dyads and using the notations in Table 5 and Table 6 [10] . By large sample theory, the TDT is approximately chi-square distributed with 1 DF and z com is approximately normally distributed when the sample size is sufficiently large.
Simulations
In our simulation, we use the same notations as those in the section of Models. For instance, p is the allele frequency of allele A, n is the number of triad families, m is the number of dyad families, and s is the number of monads. Hence, n, m, and s are sample sizes for triads, dyads, and monads, respectively.
For power calculations, the data are simulated under disease models using the multinomial distribution. For instance, let us look at the upper left corner cell 0.84541 of empirical power in Table 2 . The cell corresponds to a sample size n = 100 of triad families, a sample size m = 25 of dyads and no monads s = 0, a given allele frequency p = 0.5, and parameters ψ 1 = ψ 2 = 2.6. By using the 10 probabilities of Table 5 in column 3 based on given allele frequency p = 0.5 and parameters ψ 1 = ψ 2 = 2.6, we generate the triad counts n i , i = 1, · · · , 10, i n i = 100, under the multinomial distribution. The same strategy applies to generate dyad data m 1 , · · · , m 7 , i m i = 25, by using the 7 probabilities of Table 6 . These counts are then combined to estimate the parameters and calculate the likelihood test Unr using unrestricted model. The process is repeated 100,000 times. The number 0.84541 is the the proportion of the Unr test values calculated for the 100,000 samples, that exceed the 95-th percentiles of the χ 2 2 -distribution. For type I error calculation, the parameters ψ 1 and ψ 2 are taken to be 1 under the null hypothesis of no association using the multinomial distribution.
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